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Abstract. The detection and monitoring of the dynamics of urban micro-climates needs to be performed 
effectively, efficiently, consistently and sustainably in an effort to improve urban resilience to such 
phenomena. Thermal remote sensing posesses surface thermal energy detection capabilities which can 
be converted into surface temperatures and utilised to analyse the urban micro-climate phenomenon 
over large areas, short periods of time, and at low cost. This paper studies the surface urban cool island 
(SUCI) effect, the reverse phenomenon of the surface urban heat island (SUHI) effect, in an effort to 
provide cities with resistance to the urban microclimate phenomenon. The study also aims to detect 
urban micro-climate phenomena, and to calculate the intensity and spatial distribution of SUCI. The 
methods used include quantitative-descriptive analysis of remote sensing data, including LST 
extraction, spectral transformation, multispectral classification for land cover mapping, and statistical 
analysis. The results show that the urban micro-climate phenomenon in the form of SUHI in the middle 
of the city of Salatiga is due to the high level of building density in the area experiencing the effect, which 
mostly has a normal surface temperature based on the calculation of the threshold, while the relative 
SUCI occurs at the edge of the city. SUCI intensity in Salatiga ranges between -6.71°C and 0°C and is 
associated with vegetation.  
 




The urbanization phenomenon has 
a significant impact on increases in 
surface temperature, meaning cities are 
vulnerable to changes in microclimate 
characteristics, which can lead to 
environmental problems (Wang et al., 
2016; Huang & Wang, 2019). A 
microclimate is a climatic condition in the 
local atmospheric zone which exhibits 
differences to the surrounding 
environment (Chen  et al., 1999; 
Ismangil et al., 2016). The change in 
microclimate is one of the types of 
pressure faced by cities, as it is related to 
the urban heat island (UHI), which is a 
phenomenon in which the temperature of 
the urban area is higher than the 
surrounding rural areas (Xian & Crane, 
2006; Mostofi & Hasanlou, 2017). UHI 
also has other negative impacts, such as 
changing air quality, effect on human 
health, and energy exchange (Lai & 
Cheng, 2009; Road et al., 2010; Stone et 
al., 2010; Tan et al., 2010; Skelhorn et al., 
2016; Ng & Ren, 2017; Fawzi, 2017). It 
eventually also disrupts the comfort of life 
in urban areas. 
In recent years, the study of micro-
climate change has been much more 
focused on the UHI phenomenon. 
However, few studies have considered the 
urban cool island (UCI) effect, which is the 
opposite of UHI and is a phenomenon 
Bayu Elwantyo Bagus Dewantoro et al.  
116  International Journal of Remote Sensing and Earth Sciences Vol. 17 No. 2 December 2020 
whereby the  air temperature in the 
countryside is higher than in the urban 
area (Yang et al., 2016). Several previous 
studies have suggested that UCI is 
effective for the microclimate mitigation, 
reducing rising air temperatures, and 
improving the comfort of urban areas 
(Cao et al., 2010; Kong, et al., 2014). 
Therefore, UCI can also be used to plan 
the provision of green open spaces and to 
improve the effectiveness of monitoring 
the dynamics of climate changes in an 
effort to improve cities’ resilience to 
microclimate change.  
Few studies on UCI have been 
conducted in Indonesia, especially in 
relation to the city of Salatiga. This was 
one of the cities in Central Java province 
which in 2020 was a pilot nationally and 
internationally for the integration of the 
development of green open spaces. The 
city managed to exceed the national target 
for the provision of green open space by 
24%, of which 16.11% was combined 
green open space, with the remainder 
being sustainable development 
agricultural land. This condition makes 
Salatiga an interesting location for 
research on UCI, considering RTH has an 
influence on the surface temperature of 
cities.  
Study of UCI is differentiated into 
two types: UCI surface and UCI water. 
The surface intensity of UCI, commonly 
abbreviated as SUCI, can be gauged 
directly from the land surface 
temperature (LST) value of data extraction 
recorded by infrared thermal sensor 
satellite remote sensing. LST is an energy 
beam of ground level objects successfully 
recorded by sensors (Li et al., 2013; 
Alhawiti, 2016). On the other hand, UCI 
water requires different data to LST, 
namely the air temperature, usually 
obtained from measurements in the field 
or from station climatology. 
Remote sensing applications for 
SUCI/UCI research are almost the same 
as those for SUHI/UHI research, mostly 
employing cover/land use as one of its 
variants. For example, Reisi et al. (2019) 
examined the effect of LULC 
(landuse/landcover) changes on LST in 
Isfahan City, Iran, from 1985 to 2017, 
using Landsat 5 and 7 ETM imagery. 
However, the results in their study did not 
further assess SUCI/UCI intensity. The 
study of such intensity has been more 
detailed in previous years. For instance, 
Li and Dai (2011) measured UCI intensity 
based on the boundary line changes of 
several cities in Hunan, China in 1989, 
2001 and 2006. Their results showed that 
the difference in the city boundary line 
affected UCI intensity up to a maximum 
of > 2 ºC. In addition, the negative 
correlation between NDVI and UCI 
intensity was also established by Li and 
Dai (2011), even though the coefficient of 
the correlation decreased from 0.845 to 
0.606. The results of their study is shown 
only in table form and are not visualized 
spatially in the form of maps, so the 
spatial distribution is unknown. 
The association between UCI and 
green open space was examined by Chen 
et al. (2014) in Beijing, China, whose 
research results showed the influence of 
urban RTH spatial patterns on UCI, and 
that these were stronger during winter. 
The pattern size and combination of RTH 
vegetation also influenced UCI. More 
complex research was conducted by 
Rasul et al. (2015), who examined the 
influence of LST on SUCI in the dry 
season using several spectral 
transformations, which included wetness, 
brightness, the greenness index, NDBI 
and NDVI. Their results show that the 
brightness index was a very influential 
factor in the LST, while the wetness index 
was the second factor. In addition, the 
LST with NDBI had a strong positive 
correlation, whereas NDVI-based LST had 
a negative correlation. 
The purpose of this SUCI research 
in the city of Salatiga using the remote 
sensing approach is (1) to, establish the 
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spatial distribution of SUCI intensity; and 
(2) to calculate this intensity. 
 
2 MATERIALS AND METHODOLOGY 
2.1 Location and Data  
The research site was located in 
Salatiga City, Central Java province, 
Indonesia, with coordinates of between 
07º17′ – 07º 17' 23 " S and 110º 27′57" – 
110º32′05" E. The city is completely 
bordered by Semarang Regency, Central 
Java province. It has a total area of 56.78 
km2, of which 24% is green open space 
(see Figure 2-1). 
 
 
Figure 2-1: Location of Study Area 
 
The imagery used in the research 
was obtained from Landsat 8 OLI/TIRS 
with a resolution of 30 m (pixel resampling 
from Earth Engine Dataset) with a 
recording date of 16 November 2019, and 
Sentinel 2A MSI with a resolution of 10 m, 
with a recording date of 19 November 
2019. The selection of the dates was 
based on the availability of data with 
minimum cloud cover to produce 
objective analysis. The Landsat 8 OLI 
Thermal Infrared Sensor (TIRS) was 
employed for the Land Surface 
Temperature (LST) estimation used for 
Surface Urban Cool Island (SUCI) 
analysis, and data with 1-7 multispectral 
bands used for the creation of the 
vegetation index transformation. Sentinel 
2A MSI images were used for the 
classification of land cover in the study 
area. 
Landsat 8 and Sentinel 2A were not 
used for comparison analysis. Landsat 8 
focused on thermal imagery analysis 
covering LST to SUCI, while land cover 
from Sentinel 2A was only used to observe 
SUCI spatial distribution of certain land 
cover classes. Sentinel 2A was selected for 
land cover classification with the aim of 
improving its accuracy. 
 
2.2 Radiometric and Geometric 
Correction 
Landsat 8 OLI/TIRS Imagery and 
Sentinel 2A MSI were atmospherically 
corrected to surface reflectance (bottom-
of-atmosphere). The atmospheric 
corrected imagery from Landsat 8 
OLI/TIRS was used for spectral 
transformation purposes, while  Sentinel 
2A MSI was used for the multispectral 
classification of land cover. The image 
products used were also geometrically 
corrected, so it was only necessary to 
make an overview check to ensure the 
geometric position of both the images was 
precise and relevant to be processed 
based on the 1:25,000 scale  Rupabumi 
Indonesia map of Salatiga City. The 
imagery used is available on the Google 
Earth Engine (GEE) platform 
 
2.3 Land Surface Temperature 
Extraction  
Land Surface Temperature (LST) 
extraction was performed on the Google 
Earth Engine using the Single Channel 
Algorithm (SCA) method, based on its 
ease of accessibility, efficiency and 
effectiveness in data acquisition. 
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Figure 2-2: Image Metadata Collection in Google Earth Engine 
Source: https://developers.google.com/earth-engine/datasets 
 
 The extraction was performed on 
the Landsat 8 TIRS imagery using 
thermal channel Band 10. According to 
Loyd (2017), cited in Fawzi (2017), band 
10 has a thermal accuracy of ~ ± 1 Kelvin 
for simple LST estimation at the urban 
scale or greater. The thermal imagery 
acquired from GEE was already a 
brightness temperature (Trad) as a result 
of the calibration of at-sensor spectral 
radiance (Lλ). 
The brightness temperature of the 
extraction used Kelvin units to facilitate 
the analysis; the conversion of the units 
to Celsius (°c) was made with the 
following formula: 
 
T𝑐𝑒𝑙𝑐𝑖𝑢𝑠 = T − 273.15 (2-1) 
 
where: 
Tcelcius = temperature in Celsius (°C) 
T = temperature in Kelvin (K) 
 
The extraction of surface 
temperature needs to be made through 
the emissivity correction process to obtain 
accurate values (Fawzi, 2017). One 
method for the correction of emissivity is 
use of the vegetation index NDVI (Salih et 
al., 2018; Bahi et al., 2016; Fawzi, 2017). 
The formula used to compose the NDVI in 
Landsat 8 OLI is as follows: 
 






B5 = NIR Band 
B4 = Red Band 
An emissivity correction method 
using NDVI requires the values of 
vegetation and soil emisivity. Referring to 
Fawzi (2017), the vegetation values in the 
measurement results were in the range of 
ɛv = 0.980 – 0.990, while for soil 
emissivity in the range of Ɛs = 0.950 – 
0.970. The calculation of the surface 
emissivity value to be used in the LST 
estimation refers to the following 
formulas (Salih et al., 2018; Li & Norford 
2016; Sobrino et al., 2008; Valor, 1996): 
 
ɛ =  ɛ𝑣 𝑃𝑣 + ɛ𝑠 (1 − 𝑃𝑣) + 𝑑ɛ (2-3) 
 
where: 
ɛ = land surface emissivity 
ɛv = emissivity of vegetation 
ɛs = emissivity of soil 
Pv = proportion of vegetation 
dɛ = surface roughness 
 









Pv =  proportion of vegetation 
NDVIs =  spectral value of soil in NDVI 
NDVIv = spectral value of vegetation in 
NDVI 
The last phase of the LST extraction 
process involves inclusion of all the 
necessary variables in the following 
equation (Salih et al., 2018): 
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where: 
LST = land surface temperature (°C) 
Trad = brightness temperature (°C) 
P = constant of 1.488 x 10-2  
ɛ  = surface emissivity 
 
2.4 Detection of Area Indicated by 
Surface Urban Heat and Cool 
Island (SUHI/SUCI) 
Initial detection and identification of 
surface urban heat and cool island 
(SUHI/SUCI) can be made visually by 
observing the LST distribution patterns, 
but for the purpose of mitigation and 
planning of areas related to urban 
microclimate phenomena it is necessary 
that  heat and cool islands are 
accommodated in quantitative form. Lima 
and Lopes (2017) used the following 
formula for early detection of areas 
indicated as SUHI/SUCI: 
 




∆Tμ-r  = LST difference in the area    
indicated by SUHI (°C) 
Tμ = LST difference in urban area (°C) 
Tr =  LST difference in nonurban area 
(°C) 
 
∆T𝑟−𝜇 = T𝑟 − T𝜇  (2-7) 
 
where: 
∆Tr-μ  = LST difference in the area 
indicated by SUCI (°C) 
Tμ = LST difference in urban area (°C) 
Tr =  LST difference in non-urban area 
(°C) 
Equation (6) was used to identify the 
surface temperature of the area indicated 
by the SUHI phenomenon, while equation 
(7) was used to identify the surface 
temperature in the area indicated by 
SUCI. These equations are  simple one to 
ascertain the surface temperature 
difference in the early detection of the 
SUHI/SUCI phenomena ; it needs a 
formula to find the SUHI/SUCI intensity 
to obtain the surface temperature 
threshold as the basis for the analysis.  
Research conducted by Ma et al. 
(2010) used a more specific formula 
related to determining the surface 
temperature threshold in the SUHI/SUCI 
phenomena, as follows: 
 
T𝑠𝑢ℎ𝑖 > μ𝑜𝑟𝑖 + 0,5α𝑜𝑟𝑖  (2-8) 
 
where: 
Tsuhi = LST in the area indicated by SUHI 
(°C) 
μori = average of LST in the original 
thermal image (°C) 
αori = standard deviation in the original 
thermal image 
Equation (8) was used to obtain a 
surface temperature threshold on an 
indicated area of SUHI.  
 
0 < T𝑛𝑜𝑟𝑚 ≤ μ𝑜𝑟𝑖 + 0,5α𝑜𝑟𝑖  (2-9) 
 
where: 
Tnorm = LST in normal condition (°C) 
μ ori = average of LST in the original 
thermal image (°C 
α ori = standard deviation in the original 
thermal image 
Equation (9) was used to obtain the 
surface temperature threshold in regions 
not indicated as SUHI. The area that is 
included in this surface temperature 
range has not been identified as SUCI 
because it still has the potential to 
become an area with normal surface 
temperature, or a SUCI indication area. 
The determination of the SUCI 
surface temperature threshold requires 
statistical surface temperatures in areas 
with normal conditions to determine the 
distribution of surface temperature 
values and central tendenciesEquations 
that can be reduced to acquire threshold 
values in the SUCI-indicated areas are as 
follows: 
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T𝑆𝑢𝑐𝑖 < μ𝑛𝑜𝑟𝑚 + 0,5α𝑛𝑜𝑟𝑚  (2-10) 
 
where: 
Tsuci = LST in the area indicated by SUCI 
(°C) 
μnorm = average of LST in the original 
thermal image with normal 
condition (°C) 
αnorm = standard deviation in thermal 
image with normal condition  
 
Table 2-1:Average, StDev and Threshold 
Values of SUHI, Normal and 
SUCI 
  Average StDev 
Toriginal (°C) 30.09 4.68 
Tnormal (°C) 27.21 3.02 
SUHI Threshold (°C) T > 32.43 
Normal Threshold (°C) 28.72 ≤ T ≤ 32.43 
SUCI Threshold (°C) T < 28.72 
 
2.5 Measuring Surface Urban Cool 
Island (SUCI) Intensity 
The value of the surface 
temperature threshold was obtained as 
the basis for the spatial measurement of 
SUCI intensity. This intensity was 
obtained by using a modified equation 
from Fawzi's (2017) study, as follows: 
 
𝑆𝑈𝐶𝐼𝑖𝑛 = T𝑠𝑢𝑐𝑖 − (μ𝑛𝑜𝑟𝑚 + 0,5α𝑛𝑜𝑟𝑚) (2-11) 
 
where: 
SUCIin = SUCI Intensity (°C) 
Tsuci = LST in the area indicated by 
SUCI (°C) 
μnorm = average of LST in the original 
thermal image in normal 
conditions (°C) 
αnorm = standard deviation in the 
original thermal image in 
normal conditions 
 
2.6 Land Cover Classification and 
Accuracy Assessment 
Land cover classification was 
performed using the supervised 
classification method with the maximum 
likelihood algorithm. The classification 
was divided into three class: bare land, 
built up areas and vegetation. This 
algorithm was selected based on its good 
performance in land cover classification 
based on probability calculation or the 
maximum probability of each sample 
group (Danoedoro, 2012).  
The accuracy assessment of the 
land cover map was made using a 
confusion matrix and kappa coefficient. 
Sampling for the assessment was made 
using the cross-validation method, which 
was performed by different people so the 
results were more objective. This was also 
because of the small number of land cover 
classes with many different 
characteristics. The sampling method 
used in the accuracy assessment was 
stratified random sampling, with a total 
sample of 22,686 pixels divided into 
15,886 model samples and 6,800 
accuracy samples. 
 
3 RESULTS AND DISCUSSION 
3.1 Spatial Distribution of LST and 
Land Cover in Salatiga City 
The results of the processing of the 
Landsat 8 TIRS thermal imagery indicates 
that the surface temperature is high 
enough in the central area of Salatiga that 
for it to be visually identified against the 
LST distribution pattern. The distribution 
of LST is quite high between 30°C - 37°C, 
concentrated in the middle of the city, 
which is influenced by the densely built-
up area. This increases the emissivity of 
the surface, which is recorded by the 
thermal infrared sensor as a higher 
surface temperature than that in the 
surrounding area. The built-up area 
spatial pattern also affects the surface 
temperature distribution, as shown in the 
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Figure 3-1: Land cover (a) and LST (b) on map of Salatiga City 
 
The patterns of the LST values are 
quite high in the central part of the city, 
where the land cover is dominated by 
built-up areas, while the edge of the city 
tends to have a lower surface 
temperature, with a dominance of 
vegetation. This shows that there is a 
difference in the thermal energy emitted 
from the built-up area and the area with 
vegetation, as seen in Figure 3-1. 
 
3.2  Detection of SUHI Area, Normal 
Condition and SUCI 
The detection process of the area 
indicated by SUHI, the normal condition 
and SUCI is based on the equations used 
and the threshold value of the surface 
temperature. The results of the 
processing indicate that the potential 
occurrence of SUHI is in areas with a 
surface temperature of >32.43°C, which 
are distributed in the center of the city, 
while the surface temperatures in normal 
conditions are in the range of 28.72°C - 
32.43°C, and are spread around the 
region with potential SUHI. 
Indications of SUCI were detected 
on the edge of the city, with a surface 
temperature of <28.72°C. These 
indications have a pattern that tends to 
group on the city edge, with land cover in 
the form of vegetation and some bare 
land. SUCI intensity measurements were 
taken to obtain specific information 
related to SUCI. 
Based on the measurement results, 
SUCI intensity was divided into five 
classes : very high (-6.71°C – -5.37°C); 
high (-5.36°C – -4.03°C) ; medium (-
4.02°C – -2.68°C); low (-2.67°C – -1.34°C; 
and very low (-1.33°C – 0°C). The intensity 
shows the SUCI effect that occurs in 
related areas. It is very high, signifying 
that the area has a greater SUCI effect 
than the surrounding area, with a 
difference in the value of the surface 
temperature of between -6.71°C to -
5.37°C. The dominance of land cover in 
areas of high intensity value in the form 
of vegetation with varying levels of 
greenish.  
(a) (b) 
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Figure 3-2: SUCI Intensity Map of Salatiga City 
 
Table 3-1: Accuracy Assessment of Land Cover Map 
 
Ground Truth (Pixels) 
 














Vegetation 1932 100 256 2288 84.44 
Built up Area 224 1957 34 2215 88.35 
Bare land 140 117 2040 2297 88.81 
Total column 2296 2174 2330 6800 
 Producer Accuracy (%) 84.15 90.02 87.55  
 Overall Accuracy (%) 87.19  
 
3.3  Accuracy Assessment of the Land 
Cover Map 
The land cover map accuracy test 
was conducted using a confusion matrix 
and kappa coefficient. The accuracy 
assessment results show good accuracy 
with the kappa coefficient, in the very 
good agreement category. The accuracy 
assessment results can be seen in Table 
3-1. 
 
3.4  Accuracy Assessment of Land 
Surface Temperature (LST) 
Some researchers suggest that the 
accuracy test and validation of that 
surface temperature should be conducted 
a maximum of 3-4 hours after recording 
(for addition, Sabins, 2007, cited in 
Fawzi, 2017), even though the surface 
temperature is very dynamic, even in 
seconds. Ideally, an accuracy test should 
be made simultaneously when the 
satellite is recording the area, but this is 
very difficult to achieve.  
There is also the option to make 
comparisons of two thermal infrared 
sensors that record the same area, but 
due to data source limitations, this is also 
difficult to do. Studies on surface 
temperature accuracy tests need to be 
reviewed in relation to the extraction 
process. Accuracy testing of remote 
sensing imagery is made only on the 
results of both visual and digital 
interpretation; for example, on the 
interpretation of land cover/land use. 
Land cover/land use is a hybrid variable 
that needs to be tested, while the 
biophysical variables that make up the 
hybrid variable are sets of pixel values 
that do not need to be tested (Danoedoro, 
2012).
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Table 3-2: Calibration constant of Landsat 8 TIRS Band 10 
Temperature (K) 
TIRS Band10 Change in Response (K) 
Feb 11, 2013 – Mar 1, 2015 Mar 2, 2015 - Present 
240 (extrapolated) -0.11 2.73 
273 0.08 1.05 
285 0.14 0.60 
300 0.20 0.12 




Related to this issue, land surface 
temperature is a biophysical variable 
derived from inversions in physics 
equations, so there is no need to test its 
accuracy as long as the equations are 
used correctly according to established 
procedure. Another example of a 
biophysical variable is the pixel value in 
the images of the NDVI vegetation index 
transformation results. This value does 
not need to be tested because it is a 
biophysical variable derived from an 
equation, and a variable used as 
interpretation material to compose the 
hybrid variable. When accuracy tests are 
made on land surface temperature (LST), 
these are performed to test the thermal 
infrared sensor used in terms of its 
accuracy in relation to the actual 
temperature in the field, and not to test 
the land surface temperature (LST) itself 
(Danoedoro, 2012). 
Based on these issues, the United 
States Geological Survey has routinely 
calibrated the TIRS sensors attached to 
Landsat 8, with the results shown in 
Table 3-2. 
Based on Table 3-2, the accuracy of 
the TIRS sensor in Landsat 8 Band 10 is 
an average of 0.466 K. This shows that 
the analysis using land surface 
temperature data derived using Landsat 8 
TIRS Band 10 has an estimated value of 




The phenomenon of SUHI in 
Salatiga was detected in the centre of the 
city, which was surrounded by areas with 
normal surface temperature based on the 
threshold value, while SUCI was 
distributed on the edge of the city, with an 
intensity -6.71°C to 0°C, and was 
associated with vegetation.  
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